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Abstract 
 
Measures of transit accessibility are important in evaluating transit services, planning for 
future services and investment on land use development. Existing tools measure transit 
accessibility using averaged walking distance or walking time to public transit. Although the 
mode captivity may have significant implications on one’s willingness to walk to use public 
transit, this has not been addressed in the literature to date. Failed to distinguish transit 
captive users may lead to overestimated ridership and spatial coverage of transit services. 
The aim of this research is to integrate the concept of transit captivity into the analysis of 
walking access to public transit.  
 
The conventional way of defining “captive” and “choice” transit users showed no significant 
difference in their walking times according to a preliminary analysis. A cluster analysis 
technique is used to further divide “choice” users by three main factors, namely age group, 
labour force status and personal income. After eliminating “true captive” users, defined as 
those without driver’s licence or without a car in respective household, “non-true captive” 
users were classified into a total of eight groups having similar socio-economic 
characteristics. The analysis revealed significant differences in the walking times and 
patterns by their level of captivity to public transit.   
 
This paper challenges the rule-of-thumb of 400m walking distance to bus stops. In average, 
people’s willingness to walk dropped drastically at 268m and continued to drop constantly 
until it reached the mark of 670m, where there was another drastic drop of 17%, which left 
with only 10% of the total bus riders willing to walk 670m or more. This research found that 
mothers working part time were the ones with lowest transit captivity and thus most sensitive 
to the walking time, followed by high-income earners and the elderly. The level of captivity 
increases when public transit users earned lesser income, such as students and students 
working part time.  
 
1.0 Introduction 
 
One concern for public transit authorities is to adequately assess the coverage of their transit 
service. It is essential for forecasting transit ridership, positioning transit stops, evaluating 
transit quality of service, planning for future investments and supporting decision makings on 
land use development (Al Mamun and Lownes 2011). Transit service must be available 
within a reasonable walking distance of one’s trip origin and destination to be a feasible 
option. The maximum distance or time that people willing to walk to transit has been 
extensively studied in the literature (Alshalalfah and Shalaby 2007; El-Geneidy et al. 2014; 
Jiang, Christopher Zegras and Mehndiratta 2012; Loutzenheiser 1997; O'Sullivan and 
Morrall 1996; Weinstein Agrawal, Schlossberg and Irvin 2008). Current practices use a 400 
metres circular buffer from bus stops to define the catchment area and a 800 metres buffer 
for train stations as the rule of thumb (O'Sullivan and Morrall 1996; Weinstein Agrawal, 
Schlossberg and Irvin 2008; Kittelson & Associates Inc. et al. 2003). However, significant 
variations are observed between studies and more evidences are emerging about the 
complexity of walking behaviours (El-Geneidy et al. 2014). Recent studies have identified 
some factors influencing the walking distance to transit including: household income (Hsiao 
et al. 1997; Weinstein Agrawal, Schlossberg and Irvin 2008; Loutzenheiser 1997), education 
level (Loutzenheiser 1997), vehicle ownership (Hsiao et al. 1997; Weinstein Agrawal, 
Schlossberg and Irvin 2008), street patterns (Hsiao et al. 1997; Jiang, Christopher Zegras 
and Mehndiratta 2012), and transit service of quality such as wait times and number of 
transfers (Alshalalfah and Shalaby 2007). 
 
An important consideration is missing in the literature of the transit users who do not have 
feasible alternatives other than transit. Studies revealed that the market share and mode 
choice behaviours can be substantially misinterpreted because of the limited knowledge on 
the true population of people who have a feasible transit choice. Beimborn, Greenwald and 
Jin (2003) suggested that traditional mode choice models underestimated the impacts of 
transit captivity and thus the attractiveness of transit can be significantly overestimated. 
 
Little is known about the impact of the transit captivity on the characteristics and variability of 
walk distance. Walking distance of 5 minutes or quarter mile distance to the nearest transit 
stop is used to distinguish private vehicle captive drivers from choice users (Beimborn, 
Greenwald and Jin 2003). However, one can also assume that transit captives would have to 
walk longer distance over choice users as no other travel option is available. The 
implications of transit captivity deserve more research attention as it can lead to more 
accurate estimation of the spatial coverage of transit service.  
 
This paper proposes a new approach to explain the walking to public transit. Using the 
household travel survey data of South East Queensland, Australia, bus riders in Brisbane 
are categorised into several groups by their socio-economic standings. The comparative 
analysis of the walking patterns among those groups shows the relationship between the 
transit captivity and walking behaviours. An overview of transit captivity and walking to transit 
is presented in the next section, follows by research methodology, and discussions on 
findings. This paper concludes by giving recommendations for future research. 
 
2.0 Literature review 
 
2.1 Walking to public transit  
 
Walking access to transit system is a critical decision factor for one to choose public transit 
(Murray and Wu 2003; Weinstein Agrawal, Schlossberg and Irvin 2008). Pedestrians seek to 
minimise the time and distance of walking (O'Sullivan and Morrall 1996; Weinstein Agrawal, 
Schlossberg and Irvin 2008). Ideally, transit service must be available within reasonable 
walking distance from one’s origin and destination. Feasible pedestrian access to transit 
stops is essential as identified in the literature as between 75 and 80% of transit users walk 
400 meters (or 0.25 mile) or less to bus stops and 800 metres or less to railway stations 
(Kittelson & Associates Inc. et al. 2003; Aultman-Hall, Roorda and Baetz 1997).  
 
Since the early 1970s, numerous studies have attempted to shed light on the walking access 
to transit facilities. The underlying idea is that the more people reside or work around transit 
services, the greater the probability of using public transit (El-Geneidy et al. 2014). Earlier 
studies define transit catchment area by creating a circular buffer of 400m along transit route 
or around stops (Biba, Curtin and Manca 2010; Hsiao et al. 1997; O'Neill, Ramsey and Chou 
1992). This is known as the buffer method or the area-ratio method, which assumes a 
uniform distribution of population within a census polygon. This method often overestimates 
the population within the service area as the circular distance is used, instead of actually 
walking distance. This method has been refined to the network ratio method, which takes 
into consideration the actual walking length along the street network with the threshold sets 
as 400m (O'Neill, Ramsey and Chou 1992). This method is criticised because it assumes 
uniformly distributed population. This assumption is weak especially when the analysis zone 
has a mixed land use of residential, retail, industrial or recreational purposes (Biba, Curtin 
and Manca 2010; Zhao et al. 2003). 
 
The 400m and 800m rules of thumb have been challenged by recent studies. Significant 
variations are observed between studies and more evidences are emerging demonstrating 
the complexity of walking behaviours (El-Geneidy et al. 2014). Zhao et al. (2003) used a 
distance decay function to estimate how far people would like to walk to a transit stop to 
substituting the typical 400m buffer. The distance decay function shows that farther than 0.5 
mile away from a transit stop, transit use diminishes to 3%, so the study suggests using 0.5 
mile as the upper limit to determine transit catchment area.  Alshalalfah and Shalaby (2007) 
found that transit users would walk more to subways stations than bus or streetcar stations 
with a median distance of 100m difference. Similarly, in California and Oregon, Weinstein 
Agrawal, Schlossberg and Irvin (2008) reported that half of the surveyed transit users walked 
more than half a mile (805m) to access railway stations. Likewise in Sydney, Daniels and 
Mulley (2011) found that once people have made the decision to walk, the main influence of 
walking distance from home to transit system is the mode of public transit. This study 
suggested that the mean walking distance to bus service was 461m with the upper quartile 
of 655m and the mean walking distance to train service was 805m with the upper quartile of 
1018m.  
 
In addition to the proximity factor as discussed above, research has identified three groups 
of factors that influence walking to public transit including the characteristics of the built 
environment, characteristics of the users, and the characteristics of the public transit 
services. In terms of the built environment, walking distance to well-connected transit 
services is typically longer than typical transit stops (Jiang, Christopher Zegras and 
Mehndiratta (2012). The same study also reported that people are willing to walk longer to 
the transit stops in suburbans compared to central business district (CBD), presuming that a 
city centre has the highest point of accessibility. Similarly, O'Sullivan and Morrall (1996) 
compared the walking distance to train stations in CBD and suburbans. This study found that 
the average walking distance to suburban light rail stations was 649m, while it was much 
shorter at 326m to CBD stations.  
 
Users’ socio-demographics such as a higher level of household income is known to have a 
negative impact on one’s willingness to walk (Hsiao et al. 1997; Weinstein Agrawal, 
Schlossberg and Irvin 2008; Loutzenheiser 1997). On the other hand, education level has a 
positive impact on one' walking distance (Loutzenheiser 1997). Vehicle ownership has a 
negative relationship to willingness to walk (Hsiao et al. 1997; Weinstein Agrawal, 
Schlossberg and Irvin 2008), but positive relationship to walking distance of those who walk, 
assuming that car-owning households stay farther from transit stops (Alshalalfah and 
Shalaby 2007). 
 
Finally, station corridor has a significant effect on walking access to transit. Transit users 
would like to walk 160m longer through an integrated, busy and shaded corridor, as 
compared to the arterial-edge and below expressway corridors (Jiang, Christopher Zegras 
and Mehndiratta 2012). Grid street pattern provides better pedestrian access to transit than 
areas with irregular street patterns and lower land use density (Hsiao et al. 1997). Transit 
service quality such as frequency of bus route has positive relationship with walking distance. 
The higher the frequency of the transit service, the longer people are willing to walk to the 
service. Number of transfers made during the trip also has a negative relationship with the 
walking distance (Alshalalfah and Shalaby 2007). 
2.2 Mode choice and transit captivity 
 
Logit mode choice models use an S-shaped curve to represent mode choice by relative 
disutility of the mode. This is done on a continuous scale without recognising the captivity 
impacts. A study by Beimborn, Greenwald and Jin (2003) compared a traditional mode split 
model with another model that segmented users into choice and captive groups. The 
traditional models underestimate the variation in mode choice for captive users, and 
overestimate the attractiveness of transit for choice users. Limiting the sample only to those 
who has a choice rather than the whole population could definitely give a better 
representation of mode choice.  
 
The fundamental method to transit market segmentation of identifying two distinct groups, 
“captive” and “choice” users have been widely used despite the ambiguity definitions of 
associated terms (Jacques, Manaugh and El-Geneidy 2013). Conflicting interpretations, 
especially from the point of transit agency versus an individual, often causes confusion to 
policy makers. Litman (2014) used the term “transportation disadvantaged” to describe those 
who has significant unmet transportation needs.  
 
Transit captive users have been defined as people who do not have private vehicle available 
for their travel and therefore have no choice but to take transit (Beimborn, Greenwald and 
Jin 2003). These include those who have no drivers’ license or who could not use private 
vehicle due to their age, disability or past driving behaviour. Polzin, Chu and Rey (2000), in 
line with American Public Transit Association (1997), defined the transit dependency as 
those who have no personal transport, no access to such transport, or are unable to drive. 
This study included those households with low incomes and the households whose travel 
needs could not be met with one car, and those who decided not to own personal transport 
in the transit dependency. 
 
On the other hand, private vehicle captives have been defined as those who must use a 
private vehicle to complete their trips because no feasible transit alternative available, from 
origins to destinations at a preferred time. Unlike transit captives, private vehicle captives are 
more related to the characteristics of trip rather than the mode, such as flexibility and 
convenience (Beimborn, Greenwald and Jin 2003). Private vehicle captives also can be 
defined as those live in a community with automobile dependent transport and land use 
patterns, especially those who are the primary caregiver to non-driving dependents (Litman 
2014).  
 
Choice users are those who have alternatives, but choose to use the preferred transport 
mode. Transit choice users are more sensitive to potential negative transit changes such as 
fare and service quality because they have alternative transportation options available 
(Krizek and El-Geneidy 2007).  
 
Studies have been carried out to expand upon the idea of captive and choice users, to 
further elaborate the distinction between these two categories. Wilson, Stevens and 
Robinson (1984) expanded the conventional captive and choice users into four market 
segments for both transit and private vehicle users respectively, namely functional captive 
mode users, marginal captive mode users, marginal choice mode users and free choice 
users according to individuals’ responses to questions on survey. Correspondingly, Krizek 
and El-Geneidy (2007) expanded the conventional widely accepted paradigm into eight 
market segments, first between regular and irregular commuters, followed by captives and 
choice users for current transit users and auto and potential users for current non-transit 
users, to compare the preference and characteristics of the eight different segments. More 
recently, Jacques, Manaugh and El-Geneidy (2013) proposed an alternative segmentation 
framework that clustered travellers into four distinct groups based on mean trip practicality 
and satisfaction, namely true captivity, utilitarianism, dedication and convenience.  
2.3 Factors affecting transit captivity 
 
Having a drivers’ license or owning car(s) does not necessarily reflect the availability of car 
for all the household members, especially when the number of licensed drivers does not 
match the number of cars in the household. Socio-economic factors such as personal 
income, age, and labour force affect the mode captivity of individuals. To illustrate, personal 
income and labour force decide the ability to pay for parking and fuel. The old and the 
disabled may have physical limitations that restrict their ability to drive.  
 
Researchers have used different socio-economic factors to determine the transit captivity. 
Income has always been the core determinants of transit captivity. Almost 75% of poor 
households have one or zero vehicle, while two-thirds of non-poor households have two or 
more private vehicles (Giuliano 2005). Polzin, Chu and Rey (2000) revealed that the share of 
the transit dependent population is much higher in the low income groups. The transit share 
is as high as 62 percent among households with annual income less than $5,000 and 
declines drastically to about 30 percent once household annual income increases to more 
than $20,000. Age (Jacques, Manaugh and El-Geneidy 2013) has been used as primary 
factors in segmenting transit users into different groups to study transit captivity. 
 
3.0 Data description 
 
This research relies on South East Queensland Travel Survey (SEQTS) 2009. SEQTS 2009 
was conducted as a single cross sectional survey for 10 consecutive weeks from 20 April 
through 28 June 2009. The travel day was allocated to the respondents, but they had the 
freedom to choose the date throughout the 10 weeks. This survey collected self-reported 
travel diary data from respondents from all ages, randomly sampled within each Statistical 
Area Level 1 (SA1), and formed the main source of data on personal travel in South East 
Queensland (The Urban Transport Institute 2010). The survey includes a total of 32,536 trip 
characteristics made by 8,809 individuals living in 4,240 households. 
 
The survey results show that walking (9.06%) as a mode of transport has the second largest 
mode shares after private vehicles (82.14%), and is followed by public transit (5.62%). 
Besides walking as the single stage walk trips, walking for public transit was shown to be the 
most important component of travel. The total of 2,529 trips were conducted using public 
transit, with 2,066 trips having walking as their mode of access to transit system, which 
accounted for 81.69%. Walking distance varies by the mode of public transport. This study 
focuses only on the trips by public bus, with walking as the mode of access to transit system. 
These trips account for a total of 798 trips. 
 
4.0 Transit captivity and walking to transit 
 
4.1 True captive users and non-true captive users 
 
As the first step to analyse the mode captivity impact on walking distance, those aged 17 
and below are eliminated from the pool of data to prevent any data bias. The travel 
behaviour of these ones are highly dependent on their parents or those who provide cares 
for them. They accounted for 119 entries, which left the pool with 679 entries. Bus riders are 
then divided into two groups including true captive riders and non-true captive riders. True 
captive riders are defined as the bus riders who have no drivers’ license or have no car in 
their household. With this measure, those true captive riders are considered as having the 
highest degree of transit dependency. These are also known as “functional captive transit 
users” by Wilson, Stevens and Robinson (1984) or “true captivity transit users” by Jacques, 
Manaugh and El-Geneidy (2013). A total of 262 trips were made by those true bus captives 
out of 679 trips.  
Walking time to transit is visualised through decay curves, which plot the percentage of bus 
riders who walked the given time or more at the interval of every minute. The walking time 
decay function provides a simple and effective way to display and compare the distribution of 
walking times among different groups and has been widely used in the literature (El-Geneidy 
et al. 2014; Iacono, Krizek and El-Geneidy 2010). Figure 1 below shows the decay curves of 
all bus riders, true captive riders, and non-true captive riders. 
 
Figure 1: Walking time decay curves 
 
 
 
 
 
 
It is interesting to note that two major drops are observed after 4 minutes and 10 minutes. To 
illustrate, in the chart of the non-true captive riders, the percentage of passengers drops 
significantly from 76% to 37% when the walking time increases from 4 to 5 minutes. The 
average walking speed is calculated to be 4 km/hour or equivalently 67 m/min (Kittelson & 
Associates Inc. et al. 2003). In this case, instead of the rule-of-thumb of 400 m rules, 
people’s willingness to walk drops drastically at 268 m (4 minutes). The willingness to walk 
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Non-true captive bus riders (417 trips) 
drops again at the mark of 670 m (10 minutes) by 18%, which leaves only 10% of the total 
bus riders willing to walk 670 m or more. The last drastic drop is observed at 1005 m (15 
minutes). 
 
Table 1 also demonstrates that dividing bus riders into true captive riders and non-true 
captive riders results in no significant difference between those groups. The decay rate of 
non-true captive bus riders (0.192) is slower than the decay rate of true captive bus riders 
(0.217), which is not consistent with the hypothesis that true captive bus riders will have to 
walk more. However, the difference is minimal. 
 
In order to test whether there is any significant differences between the means of these three 
groups, one-way analysis of variance (ANOVA) is conducted, as shown in Table 1. 
 
Table 1: ANOVA analysis for all riders, true captive bus riders and non-true captive bus riders 
 
Groups Count Means Variance Standard Deviation 
     
All riders 679 6.62 20.49 4.53 
True captive riders 262 6.47 19.35 4.40 
Non-true captive riders 417 6.71 21.23 4.61 
 
 
Source of Variation 
Sum of 
square 
Degree 
of 
freedom 
Mean 
square 
F-value P-value F critical 
       
Between Groups 9.67 2.00 4.84 0.24 0.79 3.00 
Within Groups 27770.26 1355.00 20.49    
       
Total 27779.94 1357.00     
 
From the analysis, The F-value of 0.24 is smaller than the F critical value (3.00) which is the 
critical value as extracted from the f-distribution in statistical tables based on two values of 
degrees of freedom of 2 and 1355. Smaller F-value than F critical indicates that there is no 
strong evidence to reject the H0 (all groups are identical) at 0.05 confidence level and there 
is no significant difference among the groups. The P value (0.79) is larger than 0.05, which 
indicates that the data does not give any evidence to conclude that the means differ. 
 
4.2 Cluster analysis for non-true captive riders 
 
Non-true captive riders are further divided into several clusters based on their personal 
socio-economic standing. Cluster analysis is effective in identifying groups of individuals with 
similar to each other but different from individuals in other groups. There are three widely 
used clustering techniques. Hierarchical clustering is only useful for small data set and easily 
examines the solution with increasing number of clusters while k-means clustering method is 
useful for a moderate data set with predetermined number of clusters. Two-step clustering 
method is used for this study. Two-step clustering method deals well with large data set and 
can rapidly form clusters based on either categorical or continuous data (Bacher, Wenzig 
and Vogler 2004). The algorithm of this clustering method is to assign cases to “preclusters”, 
then “preclusters” are clustered using hierarchical clustering algorithm, based on distance 
measure that gives best result if all variables are independent. 
 
Three factors, namely: personal income, labour force and age group, are set to be variables 
to run the two-step clustering analysis. Gender is excluded from the cluster analysis because 
it shows no clear distinction between true captive riders and non-true captive riders. The 
quality of clustering is validated using Silhouette Coefficient of cohesion and separation, as 
shown in Figure 2. This measure quantifies the sum of weight of all links within a cluster (i.e., 
cluster cohesion) and the sum of weight between nodes in the cluster and nodes outside the 
cluster (i.e., cluster separation). A silhouette coefficient of 1 represents the best quality of 
clustering that all cases are located directly on their cluster centres and vice versa.  
 
Figure 2: Cluster validation using Silhouette measure of cohesion and separation 
 
 
 
The non-true captive riders are categorised into eight clusters as a result. The general 
characteristics of each cluster are shown in Table 2.  
 
Table 2: General clusters' characteristics 
 
Cluster Age group 
Labour force Personal 
income (AUD 
weekly) Work status Study status 
A 40 – 59 Full time No study 600 – 2000+ 
B 40 – 59 Part time No study 250 – 799 
C 20 – 39 Full time No study 1300 – 2000+ 
D 20 – 39 No work TAFE
1 / Uni / Post-secondary 
study 0 – 399 
E 20 – 39 Full time No study 600 – 1299 
F 20 – 39 Full / part time TAFE
1 / Uni / Post-secondary 
study 1 – 799 
G 18 – 19 Full / part time Secondary / TAFE
1 / Uni / 
Post-secondary study 0 – 399 
H 60 – 79 No work No study 0 – 399 
 
                                                             
1 In Australia, technical and further education (TAFE) institutions provide a wide range of vocational 
education and training. 
In order to test whether there is any significant differences between the means of these eight 
clusters, another one-way analysis of variance (ANOVA) is conducted, as shown in Table 3. 
 
Table 3: ANOVA analysis eight clusters of non-true captive riders 
 
Groups Count Means Variance Standard Deviation 
     
Cluster A 91 6.09 20.81 4.56 
Cluster B 38 5.61 9.98 3.16 
Cluster C 56 6.41 13.19 3.63 
Cluster D 38 6.87 18.01 4.24 
Cluster E 66 6.42 18.89 4.35 
Cluster F 44 9.45 48.95 7.00 
Cluster G 37 7.30 20.71 4.55 
Cluster H 47 6.45 14.73 3.84 
 
 
Source of Variation 
Sum of 
square 
Degree 
of 
freedom 
Mean 
square 
F-value P-value F critical 
       
Between Groups 440.39 7 62.91 3.07 0.00 2.03 
Within Groups 8390.65 409 20.52    
       
Total 8831.04 416     
 
From the analysis, The F-value of 3.07 is greater than the F critical value (2.03) based on 
two values of degrees of freedom of 7 and 409. Greater F-value than F critical value 
indicates that there is strong evidence to reject the H0 (all clusters are drawn from 
populations with identical means) at 0.05 confidence level. The P value (0.003) is smaller 
than 0.05, which indicates that unlikely that the differences that observed are due to random 
sampling. The idea of populations having identical means should be rejected. It is safe to 
conclude that a very high significant difference exists among clusters. 
 
From Table 3, walking time varies across different clusters. This proves that those 
individuals in the eight clusters have different walking characteristics. Walking time decay 
curves are plotted for each cluster using a negative exponential function by calculating the 
percentage of passengers willing to walk at any given time or more. Figures below show the 
decay curve for each cluster from the fastest to the slowest. First three clusters showing 
fastest decay rates are defined as the low transit captivity riders (Figure 3), the next three 
clusters as the medium transit captivity riders (Figure 4), and the last two clusters showing 
slowest decay rates as the high transit captivity riders (Figure 5).   
 Figure 3: Walking time decay curves of low transit captive riders 
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Cluster B has the fastest decay rate, which indicates that when walking time increases, 
individuals in this cluster are the least willing to walk. These individuals are in their mid-age, 
having a part time job and earning the average personal income less than AUD 799 per 
week. 76.32% of individuals in this cluster are female and 63.16% are couples with kids. It 
would be fair to conclude that the majority are mothers working part time, who have the 
caregiving responsibility of their children. They might need to run a few errands a day. Due 
to the complexity of the trip to drop and pick-up their children, they might choose private 
vehicle if accessing to transit requires a long walking time. This cluster has an interesting 
walking behaviour where no one is willing to walk more than 11 minutes.  
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Cluster C consists of those in their 20s to 40s, working full time and earning high incomes 
between AUD 1300 and AUD 2000 per week. The individuals in this cluster earn sufficient 
wages to cover auto travel costs. It can be observed that only the minority of this cluster 
(25.00%) are couples with kids, where majority of them are couples with no kid and sole 
person households. They are the white collar working adults with not much family 
responsibility to bear. It is interesting that almost everyone in this cluster (94.64%) has a full 
driver licence, which makes them flexible in their mode choice. They are sensitive to the 
walking time to transit. If they feel uncomfortable with a long walking time, they could easily 
switch to private vehicles. Time is an essence for this cluster group. It is observed that after 
4 minutes, the percentage of people willing to walk dramatically drops from 80% to 36%. The 
maximum walking time is found at 19 minutes. 
 
Individuals in Cluster H are those in their 60s to 80s, having no job and earning the average 
personal income less than AUD 399 per week. They are retired or reaching their retirement 
age, having the luxury of time. From the household composition, it is observed that more 
than half of the individuals in this cluster are couples with no kid and sole person households. 
These are the ones with not much of the caregiving responsibility and time is not an essence 
for the travellers in this cluster. This group is willing to walk more compared to Cluster B and 
C, but it is capped at 5-9 minutes. Once it passes 9 minutes, the percentage of people willing 
to walk drops significantly from 23% to 6%. It may be reasonable to conclude that physical 
limitations prevent many individuals in this cluster from walking more than 9 minutes to 
access transit.  
 
The individuals in those three groups: Cluster B, C, and H may be defined as low transit 
captivity bus riders. They have caregiving responsibilities such as mothers working part time 
(Cluster B), young white collar adult earning high income (Cluster C), or the elderly with 
limited physical flexibility earning nil or low income (Cluster H). Unlike Cluster B and C, 
Cluster H could belong to the “transportation disadvantaged” group rather than those having 
alternative travel modes. Instead of switching to other transit modes, individuals in Cluster H 
may have chosen not to travel if they own no private vehicle or they are unable to drive a car 
due to physical limitations.   
 
Figure 4: Walking time decay curves of medium transit captive riders  
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Moving down the range would be Cluster A, Cluster E, and Cluster D. Cluster A consists of 
the bus riders in their age between 40 and 59. They have a full-time job, but their income 
levels are widely dispersed from $ 600 to $ 2000+ per week. The majority of the population 
in Cluster A (63%) has an average weekly income that is less than $1600 and are made up 
of couples with kids. They are mid-aged parents working full-time, but their income level is 
not as high as that of Cluster C. This may contribute to a longer walking time compared to 
Cluster C. Otherwise; individuals in this cluster could possibly be more health conscious and 
see walking as a form of exercise. They have the highest percentage of full driver’s licence 
holders among the eight clusters. The maximum walking time stretches out to 24 minutes 
and 9% of individuals are willing to walk 9 minutes or longer in this cluster.  
 
Cluster E mostly likely are those who just finished their high school, university or TAFE in 
their ages between 20 and 39 years old. This cluster includes those who are starting to 
venture into their career. They have a full-time job, and they earn weekly income between 
AUD 600 and AUD 1299. Compared to Cluster C, individuals in Cluster E are younger and 
earn less weekly income. This increases their dependency on transit and/or willingness to 
walk to access transit. The maximum walking time is 26 minutes in this cluster. The decay 
rate decreases gradually and steadily throughout the course of time. 
 
Cluster D consists of those studying at TAFE, university, or post-secondary institutes in their 
ages between 20 and 39. They do not have a full-time job and earn average weekly income 
of less than AUD 399. This income level is significantly lower than Cluster E. With a lower 
income, individuals in this cluster are more dependent on transit and would walk longer to 
access transit compared to other clusters. It can be observed that the percentage of learners 
permit driver’s licence holder is significantly higher than that of Cluster E. This also could 
justify why Cluster D members are more dependent on transit than Cluster E.  
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As for the category of medium transit captive riders, they are mostly in their 20s to 40s, 
studying full time after their high school, university of TAFE, or those who just graduated and 
venturing into full time working life. They are young and earn relatively low income, which 
makes them more dependent on public transit. On top of these two clusters, this category 
also includes a distinct group aged 40-59 years old, earning widely dispersed incomes. 
Those individuals may have chosen to take transit rather than being captive to transit. This 
cluster sits on the top of this category, having the least transit captivity level for this category.  
 
Figure 5: Walking time decay curves of high transit captive riders 
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Cluster G and Cluster F are classified as highly dependent transit users. Riders in Cluster G 
are those in their teens aged 18 to 19 years old, working part time while studying primary or 
secondary school. They earn less than AUD 399 per week. The percentage of household 
with one parent accounts is the highest at 17.5% in this cluster. The highest level of learners 
permit driver’s licence is also found in this cluster. They are young but may have to support 
their family or helping out with family business. Automobile may be unaffordable to them and 
this makes the individuals in this cluster highly dependent on public transit.  
 
The individuals in Cluster F are studying at TAFE, university, or post-secondary institutes or 
working full-time basis. They are mostly female and their average age is approximately 23 
years old. They earn a weekly income less than AUD799. They are in their early adulthood 
living independently from their parents, but they are financially insecure yet, which makes 
them highly dependent on public transit.  
 
Unlike all the clusters mentioned above, only Cluster G and Cluster F retain more than 10% 
of the total bus riders willing to walk 10 minutes or more to access transit. The decay rate of 
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 Cluster F drops relatively slowly compared to Cluster G. Approximately 60% of the riders in 
Cluster F would walk 5 minutes or more and 25% of them would walk 10 minutes or more.   
 
5.0 Conclusion 
 
With the support of previous studies, feasible pedestrian accessibility to transit stops is 
critically important and transit service must be accessible within reasonable walking distance 
of one’s origin and destination. Walking is the primary access mode to public transit in most 
cities including Brisbane. Numerous studies have attempted to quantify the walking 
accessibility to transit but none of them considered the potential impact of transit captivity.  
 
People’s willingness to walk is largely influenced by walking time or distance. The 
conventional rule of thumb of 400m walking distance has been challenged in the literature. 
This study reveals that the people’s willingness to walk drops drastically at 268m (4 minutes). 
The willingness to walk continues to drop constantly until it reaches the mark of 670m (10 
minutes) where there is another drastic drop of 17%, which leaves only 10% of the total bus 
riders willing to walk 670m or more.  
 
This paper revisits the concept of transit captivity, which simply traditionally divides the 
market into “captive” and “choice” users. Market segmentation was carried out on non-true 
captive bus riders based on age group, labour force and personal income. Eight clusters 
were formed, each with distinct characteristics to differentiate with one another. Walking time 
decay function was plotted to study the relationship of walking time and the socio-economic 
characteristics of each cluster. As the level of transit captivity decreases, the more sensitive 
the individuals are to increasing walking time. Walking time was found most sensitive to part-
time working mothers, white collar high-income earners and the elderly travellers. The 
caregiving responsibility, flexible mode choice, and physical limitations may restrict their use 
of public transit when they have to walk a considerable distance. Walking time was also 
found least sensitive to students groups earning relatively low income. 
 
To sum up, it may be concluded that trip complexity and age influences the mode captivity. 
Next would be the affordability factor, the ability to pay for private vehicle expenses 
demonstrated by analysing the labour force status and their weekly disposable income. 
Those without much caregiving responsibility and earning high level of income are the ones 
with lower transit captivity level, followed by those young working adults, and full time 
students. Those working part time and full time, at the same time studying are the ones with 
higher level of transit captivity.  
 
This research has attempted to address the gap of just commonly classified transit market 
into either “captive’ or “choice” users. This research removed the “true captive” transit users 
from transit market, those without driver’s licence or without a car in respective household, 
then using cluster analysis to further classified the “non-true captive” transit users to study 
the level of transit captivity on walking time to transit, rather than just labelled them as choice 
users. The analysis shows that conventional ways of categorising transit market into true 
captive transit riders and choice riders could misinterpret the walking distance. Transit 
captivity is no longer just a matter of having drivers’ licence and owning a car, but the level of 
transit captivity varies, accordingly to their individual social-economic factors.  
 
This research has developed a theoretical walking distance hierarchy to transit system, 
consisting of eight market segments which respond differently to different types of transit 
system management policies. These clusters could be incorporated as part of the base 
model for policy impact forecasting tool (Wilson, Stevens and Robinson 1984). Given a 
suburb of interest with known population characteristics, analysis could be conducted to 
study the impact of certain policies on a suburb. To illustrate, when a suburb has majority of 
the residents from Cluster C, full time workers earning high income, fare reduction policies 
and cheaper off peak fare would not contribute much to attract them out from their car. 
Instead, increase the accessibility of transit by providing more stops and express service 
could potentially attract these high income earners out from their cars. On the other hand, 
suburb with majority of residents are students (Cluster D), fare reduction policies and 
cheaper off peak fare would work perfectly to increase transit mode share. 
 
Finally, few limitations of this study should be noted. This method purely relies on household 
travel survey data without taking into consideration of the quality of service of available 
transit services to those individuals. This research also considers the socio-economic 
characteristics as the dominant factors for individuals to determine their walking time to 
access public transit. Those who walk more do not necessarily mean that they are forced to 
walk because they have no access to alternative mode of transport; rather it could be their 
choice to walk more, as a form of exercise. 
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